The development of high throughput screening (HTS) assays in the field of nanotoxicology provide new opportunities for the hazard assessment and ranking of engineered nanomaterials (ENMs). It is often necessary to rank lists of materials based on multiple risk assessment parameters, often aggregated across several measures of toxicity and possibly spanning an array of experimental platforms. Bayesian models coupled with the optimization of loss functions have been shown to provide an effective framework for conducting inference on ranks. In this article we present various loss-function-based ranking approaches for comparing ENM within experiments and toxicity parameters. Additionally, we propose a framework for the aggregation of ranks across different sources of evidence while allowing for differential weighting of this evidence based on its reliability and importance in risk ranking. We apply these methods to high throughput toxicity data on two human cell-lines, exposed to eight different nanomaterials, and measured in relation to four cytotoxicity outcomes. This article has supplementary material online.
INTRODUCTION
This article considers hazard ranking of engineered nanomaterials (ENMs) from high throughput screening (HTS) studies. Nanomaterials are a large class of substances engineered at the molecular level to achieve unique mechanical, optical, electrical, and mag- netic properties. Nanotechnology is a rapidly growing field with over 800 consumer products on the market and possibly thousands of engineered nanomaterials under investigation. These developments are expected to have considerable impact on numerous fields such as medicine and technology, but, at the same time, they confer enormous potential for human exposure and environmental release (Tsuji et al. 2005 , Society 2004 ). This scenario is coupled with the fact that the same physical and chemical properties that make ENM so desirable may relate to interactions that take place at the nano-bio interface, with the potential for these particles to interact with many fundamental molecular and cellular processes that are critical to life (Nel et al. 2009 ). Given these exposure and hazard concerns, it is becoming increasingly important to make decisions regarding the safety and potential toxicity of these particles to humans and the environment.
Hazard ranking and decision support can be used to develop a framework for the prioritization of extensive in vivo testing of emerging nanomaterials. Given ethical and economic considerations associated with animal experiments, initial prioritization schemes must indeed rely on high content in vitro screening of a large number of particles (Lilienblum et al. 2008) .
Current research in nanotoxicology includes new generation of high throughput screening (HTS) assays, which enable the simultaneous observation of multiple cellular injury pathways across an array of doses and times of exposure. These rapid screening approaches include the use of fluorescence-based cellular assays that assess key signals of nanoparticle toxicity in various cell-lines (George et al. 2010) . HTS assays provide an opportunity for the toxic profiling and hazard ranking of a large number of nanomaterials in order to focus attention and resources on those nanoparticles with the largest potential risk (Stanley et al. 2008 , Maynard et al. 2006 .
The statistical challenge associated with hazard ranking from HTS data lies in its richness and heterogeneity as multidimensional measurements are often taken over a small number of replicates with relatively low signal. Inferential goals include toxicity ranking of ENM, as well as associated measures of uncertainty, both within and aggregated across the many sources of evidence. A heatmap visualization for a sample HTS data set is provided in Figure 1 , where the toxic response of two human cell-lines, exposed to eight different nanoparticles, is measured in relation to four cellular response outcomes, monitored across an array of doses and durations of exposure.
We propose an approach to ranking particles aimed at achieving three goals: to use a hierarchical dose-response model to rank particles within outcomes and experiments, to derive an aggregate or consensus ranking that summarizes information across outcomes and experiments, and finally to account for the varying levels of reliability and importance of the outcomes and experiments. An aggregate ranking across different outcomes and experiments can aid in decision making for future testing. Although the rankings within outcomes or experiments are expected to be positively correlated, this does not guarantee that the ranked lists of ENMs will be in complete agreement. As an example, Figure 2 shows dose-response surfaces fit to HTS toxicity data for quantum dots, nano zinc oxide and nano platinum. Nano platinum shows higher responses for mitochondrial superoxide formation and almost no response for membrane damage. Conversely, zinc oxide has a very strong
